In this research work, a multi-index-based support vector machine (SVM) classification approach has been proposed to determine the complex and morphologically heterogeneous land cover/use (LCU) patterns of cities, with a special focus on separating bare lands and built-up regions, using Istanbul, Turkey as the main study region, and Ankara and Konya (in Turkey) as the independent test regions. The multi-index approach was constructed using three-band combinations of spectral indices, where each index represents one of the three major land cover categories, green areas, water bodies, and built-up regions. Additionally, a shortwave infrared-based index, the Normalized Difference Tillage Index (NDTI), was proposed as an alternative to existing built-up indices. All possible index combinations and the original ten-band Sentinel-2A image were classified with the SVM algorithm, to map seven LCU classes, and an accuracy assessment was performed to determine the multi-index combination that provided the highest performance. The SVM classification results revealed that the multi-index combination of the normalized difference tillage index (NDTI), the red-edge-based normalized vegetation index (NDVIre), and the modified normalized difference water index (MNDWI) improved the mapping accuracy of the heterogeneous urban areas and provided an effective separation of bare land from built-up areas. This combination showed an outstanding overall performance with a 93% accuracy and a 0.91 kappa value for all LCU classes. The results of the test regions provided similar findings and the same index combination clearly outperformed the other approaches, with 92% accuracy and a 0.90 kappa value for Ankara, and an 84% accuracy and a 0.79 kappa value for Konya. The multi-index combination of the normalized difference built-up index (NDBI), the NDVIre, and the MNDWI, ranked second in the assessment, with similar accuracies to that of the ten-band image classification.
Introduction
Throughout history, the increase in population densities and the expansion of urban areas, especially in metropolitan cities, have changed the form of the Earth's surface [1] . The rate of land cover/use (LCU) changes has increased in recent decades. Population growth leads to increases in water and energy consumption and causes land surface changes, which result in regional to global climate change and environmental degradation [2, 3] .
LCU changes that have occurred due to urbanization, deforestation, desertification, natural disasters, and intense agricultural practices, have greatly influenced climatic characteristics at the regional and global scale. Such changes generally result in increases of near-surface temperatures 
Data
In this research, 1C-level-processed, cloudless Sentinel-2A images were used to perform the analysis and evaluation. The acquisition dates of the images were 29 Union Copernicus programme. The Sentinel-2 mission is based on a constellation of two satellites, Sentinel-2A and Sentinel-2B, flying in the same orbit but phased at 180 • , to observe the land surface, thoroughly, with a short revisit period, and to meet the requirements of applications, such as land management, agriculture and forestry, and disaster control [47] .
Sentinel-2A was launched on 23 June 2015 and was followed by Sentinel-2B on 7 March 2017; both maintain a sun-synchronous orbit at 786 km altitude. The temporal resolution is five days from the two-satellite constellations, at the equator. The multispectral imager covers 13 spectral bands with a swath width of 290 km and a spatial resolution of 10 m (four visible and near-infrared bands (NIR)), 20 m (six red-edge and shortwave infrared bands (SWIR)), and 60 m (three atmospheric correction bands). Sentinel-2 image products are available to the community at the Level-1C (top-of-atmosphere reflectance in cartographic geometry) and Level-2A (bottom-of-atmosphere reflectance in cartographic geometry) processing levels. The granules or tiles of Sentinel-2A images for these two levels are provided as 100 km×100 km sized ortho-images in the UTM/WGS84 projection, which can be downloaded from the ESA website, free of charge. Sentinel-2 data provide a viable complementary source to the pre-existing moderate resolution images, with an increased spectral resolution, and provide a continuity of SPOT and LANDSAT-type image data, by contributing to the current multispectral observations of LCU [48, 49] .
Methodology

Pre-processing of the Satellite Images and Extraction of Spectral Signatures
The satellite images used in this research were acquired in clear sky conditions, with minimum atmospheric disruptions. A single image was used for each region; therefore, an atmospheric correction pre-processing step was not necessary [50] .
The spatial resolution of the Sentinel-2 image bands varied through the wavelength portions. Thus, there was a need for uniform spatial resolution for analyses such as a point-based spectral profile generation, spectral index generation, and multispectral image classification. Zheng et al. [51] , had performed a comparative analysis to evaluate the effects of downscaling to 10 m resolution and upscaling to 20 m resolution on land-cover and land-use classification with Sentinel-2 images. They asserted that the upscaled 20 m resolution images provided the lowest classification accuracies, due to a loss of spatial details and an increase in the number of mixed pixels, by combining four adjacent pixels. Their results revealed that downscaling to a 10 m resolution with the nearest neighbour resampling algorithm, improved the classification, and they recommend this approach for unifying the spatial resolution. Atkinson [52] , had asserted that downscaling to a fine resolution is more suitable for an LCU classification by completely utilizing the detailed information from high spatial resolution bands. Based on the above findings, the 20 m and 60 m resolution bands of the Sentinel-2A imagery were resampled to 10 m, by using the nearest neighbour method, to maintain the spatial resolution integrity. This resampling algorithm has been widely used, due to its easy implementation and spectral information conservation [53] .
In the next step, spectral profiles of different land object types, including broadleaf forest, deciduous forest, farmland, urban green cover, built-up, industrial region, sparse built-up region, seawater, lake water, asphalt, and bare land, were extracted to examine and compare the separation capacity of the Sentinel-2A image bands (Figure 2 ). During the classification process, samples from broadleaf and deciduous forest were assigned to the forest class, samples from urban green cover and farmland were assigned to the vegetation class, and samples from lake and sea were assigned to the water class, to obtain the seven land cover types used in this research. As Figure 2 illustrates, bare land had a similar reflectance to built-up areas and it was difficult to identify these two categories using a single index. It was simple to determine water bodies from other land cover types, due to their unique spectral signature. The gradual decrease of reflectance from band 1 to band 12 was specific to water bodies. A significant reflectance increment in the rededge bands (B5, B6, B7) and NIR bands (B8, B8a), compared with the red band (B4) was specific to vegetation cover and could be utilized to detect vegetated regions. Additionally, the reflectance curve analyses proved that B1, B9, and B10 (60 m native resolution) could not be used to separate the land cover classes. These observations could be explained by the characteristics of these bands. B1 (coastal aerosol), strongly influenced by the atmosphere and by B9 and B10, which were water vapour and cirrus, did not provide spectral information about the Earth's surface [54] . Thus, these bands were removed from the data and further analyses was performed with the remaining 10 bands. The spectral evaluation showed that the main challenge was to separate the bare land and the built-up areas, which was the principal objective of this research. Therefore, it aimed to evaluate the existing built-up indices as a first step and proposed an alternative index for those cases that had a lower efficiency. The next step was to suggest a strategy to improve the overall LCU classification results, using the multi-index data composed of three spectral indices, which were sensitive to built-up area/bare land, vegetation cover, and waterbodies, respectively.
Generating Multi-Index Images
The suitable index combination selection was performed by an experimental analysis of the various combinations of indices as components of the multi-index dataset. For the built-up component, the existing built-up indices and NDTI were examined. Detailed evaluations of the existing built-up indices and the NDTI are provided in Sections 4.3 and 4.4.
For the vegetation cover component, the red-edge-based normalized difference vegetation index (NDVIre), and two well-known vegetation indices, the soil-adjusted vegetation index (SAVI) [34] , and NDVI [55] , were examined. Hansen et al. [56] , had first evaluated the NDVIre by analyzing hyperspectral reflectance data. Delgado et al. [57] and Frampton et al. [58] had first tested its applicability on the designed Sentinel-2 wavelength portions, before the launch of satellite mission, using data from several ESA field campaigns over agricultural sites. The results of both studies demonstrated that the application of this index to the Sentinel-2 red B4 (665 nm) and the new rededge B5 (705 nm) bands, provided high correlations during estimation of the leaf area index and the As Figure 2 illustrates, bare land had a similar reflectance to built-up areas and it was difficult to identify these two categories using a single index. It was simple to determine water bodies from other land cover types, due to their unique spectral signature. The gradual decrease of reflectance from band 1 to band 12 was specific to water bodies. A significant reflectance increment in the red-edge bands (B5, B6, B7) and NIR bands (B8, B8a), compared with the red band (B4) was specific to vegetation cover and could be utilized to detect vegetated regions. Additionally, the reflectance curve analyses proved that B1, B9, and B10 (60 m native resolution) could not be used to separate the land cover classes. These observations could be explained by the characteristics of these bands. B1 (coastal aerosol), strongly influenced by the atmosphere and by B9 and B10, which were water vapour and cirrus, did not provide spectral information about the Earth's surface [54] . Thus, these bands were removed from the data and further analyses was performed with the remaining 10 bands. The spectral evaluation showed that the main challenge was to separate the bare land and the built-up areas, which was the principal objective of this research. Therefore, it aimed to evaluate the existing built-up indices as a first step and proposed an alternative index for those cases that had a lower efficiency. The next step was to suggest a strategy to improve the overall LCU classification results, using the multi-index data composed of three spectral indices, which were sensitive to built-up area/bare land, vegetation cover, and waterbodies, respectively.
For the vegetation cover component, the red-edge-based normalized difference vegetation index (NDVIre), and two well-known vegetation indices, the soil-adjusted vegetation index (SAVI) [34] , and NDVI [55] , were examined. Hansen et al. [56] , had first evaluated the NDVIre by analyzing hyperspectral reflectance data. Delgado et al. [57] and Frampton et al. [58] had first tested its applicability on the designed Sentinel-2 wavelength portions, before the launch of satellite mission, using data from several ESA field campaigns over agricultural sites. The results of both studies demonstrated that the application of this index to the Sentinel-2 red B4 (665 nm) and the new red-edge Remote Sens. 2019, 11, 345 7 of 24 B5 (705 nm) bands, provided high correlations during estimation of the leaf area index and the chlorophyll content. Pu et al. [59] and Zhu et al. [60] introduced the operational use of this index for the Worldview-2 satellite imagery. To the best of our knowledge, this research is a novel evaluation of the NDVIre on operational Sentinel-2A imagery.
Lastly, for the water body component, the normalized difference water index (NDWI) and modified normalized difference water index (MNDWI) were examined [61, 62] . Table 1 summarizes the spectral indices that were used to produce the multi-index images, according to the three main LCU categories. The formulas related to the above spectral indices were:
Experimental Comparison of the Existing Built-Up Indices
The main concern for LCU classification in urban areas is the separation of bare land and built-up areas, due to their similar spectral characteristics. Extracting the bare land is a challenging task, due to the complexity of soil components and soil spectra. As Ben-Dor et al. [63] stated, the chemical constituent directly influences the spectral signature of bare lands, which can be strong or weak. In addition, many of these spectral signatures overlap one another, which makes it difficult to determine soil cover. Accordingly, the spectral characteristics of soil cover, with different components and water content, can vary across different environments and seasons, which makes it difficult to differentiate bare land.
Several indices using different combinations of spectral bands were proposed for mapping built-up areas. Table 2 provides a summary of previously introduced built-up indices used in this research [31, 37, [64] [65] [66] [67] [68] [69] . 
Enhancing bare soil areas, fallow lands Roy et al. [69] As illustrated in Figure 3 , the built-up indices listed in Table 2 can highlight the urban areas and separate them from the water bodies and vegetation cover. However, detailed inspection revealed that these indices could not separate the bare land from the built-up areas, in most cases. The region marked by a blue circle corresponds to the built-up area covered by buildings and impervious surfaces and the region marked by a red circle shows an empty farmland covered by bare soil. There was no major contrast between these two regions in the index images, indicating a low separability between the two land cover classes. The NBI image provided a slight contrast difference between the urban area and the soil cover, compared to the other indices, but not enough for an accurate separation ( Figure 3e ). The BSI, which is mostly used for determining bare land, in the literature, was not successful in separating the bare land from the built-up areas. Visual interpretation results of the BSI image showed that the urban area and the bare land were highly mixed. The urban areas, composed of buildings with brown roofs, showed a similar spectral response to that of bare land, which made them possible candidates for getting mixed-up ( Figure 3i ). The initial visual analysis indicated the necessity for an index that could highlight the built-up area and separate it from the soil cover. 
(SWIR + R) − (NIR + B) (SWIR + R) + (NIR + B)
Normalized Difference Tillage Index (NDTI)
To propose an index that can highlight built-up areas and separate them from bare land, the spectral profiles of these two land features were analyzed at several sample locations. It showed that the reflectance difference between the SWIR bands (bands 11 and 12) was higher for the pixels selected from the bare land than for the pixels selected from the built-up areas. This indicated the possible efficiency of these two SWIR bands for differentiating built-up area from bare land. The applicability of the NDTI on SWIR bands of the Sentinel-2A images for built-up area and bare land extraction was investigated. This index was first proposed by van Deventer et al. [70] for soil practices, tillage management, and crop residue mapping, and was successfully applied by Daughtry et al. [71] and Eskandari et al. [72] for agricultural practices and soil management. To our knowledge, this is the first time that the NDTI has been used as a component to discriminate and separate built-up areas and bare land.
The NDTI data provided in Figure 4 and the existing built-up indices provided in Figure 3 show that the NDTI can highlight the urban areas and it increases the contrast between the bare land (red circle) and built-up area (blue circle). This visual inspection indicates the possible efficiency of the NDTI, compared to the existing built-up indices.
As a second analysis, 80 random points (40 for each class) were selected and the mean index values were calculated to statistically evaluate the capability of the NDTI in separating the bare land from the built-up areas. As illustrated in Figure 5 , the NDTI provides distinctive values for bare land and built-up area classes, whereas the existing built-up indices provide similar values.
While the NDTI increases the contrast between bare land and built-up areas, it decreases the contrast between water bodies and other land covers (Figure 4 ). This drawback is overcome by the multi-index approach proposed in this research. To propose an index that can highlight built-up areas and separate them from bare land, the spectral profiles of these two land features were analyzed at several sample locations. It showed that the reflectance difference between the SWIR bands (bands 11 and 12) was higher for the pixels selected from the bare land than for the pixels selected from the built-up areas. This indicated the possible efficiency of these two SWIR bands for differentiating built-up area from bare land. The applicability of the NDTI on SWIR bands of the Sentinel-2A images for built-up area and bare land extraction was investigated. This index was first proposed by van Deventer et al. [70] for soil practices, tillage management, and crop residue mapping, and was successfully applied by Daughtry et al. [71] and Eskandari et al. [72] for agricultural practices and soil management. To our knowledge, this is the first time that the NDTI has been used as a component to discriminate and separate builtup areas and bare land.
While the NDTI increases the contrast between bare land and built-up areas, it decreases the contrast between water bodies and other land covers (Figure 4 ). This drawback is overcome by the multi-index approach proposed in this research. shows an RGB composite multi-index image produced from the NDTI, the NDVIre, and the MNDWI. This multi-index image provides a good discrimination between the three major LC categories-vegetation cover in red, water bodies in blue, and the built-up areas in green. The spectral signature analysis shows that the multi-index dataset represents a more linear and simplified response for the main LC categories than the original image bands, which indicates a better separation capability (Figure 6b,c) . Figure 6a shows an RGB composite multi-index image produced from the NDTI, the NDVIre, and the MNDWI. This multi-index image provides a good discrimination between the three major LC categories-vegetation cover in red, water bodies in blue, and the built-up areas in green. The spectral signature analysis shows that the multi-index dataset represents a more linear and simplified response for the main LC categories than the original image bands, which indicates a better separation capability (Figure 6b,c) . Figure 6a shows an RGB composite multi-index image produced from the NDTI, the NDVIre, and the MNDWI. This multi-index image provides a good discrimination between the three major LC categories-vegetation cover in red, water bodies in blue, and the built-up areas in green. The spectral signature analysis shows that the multi-index dataset represents a more linear and simplified response for the main LC categories than the original image bands, which indicates a better separation capability (Figure 6b,c) . 
Classification and Accuracy Assessment
To examine the capability of the multi-index approach in extracting the built-up area and determining the other LCU classes, the SVM classification method with radial basis function (RBF) kernel was applied on the multi-index images. The SVM was initially developed as a binary classifier, thus, a pairwise classification approach was implemented for multiclass classification requirements, by creating a binary classifier for each possible pair of classes [73] . The classification process was performed using the ENVI software, which requires a set of parameter definitions. The gamma is the most critical parameter and was the only parameter changed in this research (determined by division of 1 by the number of data layers). The penalty parameter reduces misclassification in the training step when set to 100. The classification probability threshold should be set to zero to guarantee that each pixel is assigned to a class. A pyramid level of zero allows for the classification to be performed directly on the original image pixels, instead of a first-pass classification on low-resolution pyramid layers [74] .
The built-up index data listed in Table 2 and the NDTI were separately layer-stacked with vegetation and water index data and were classified using the same training samples, defined by region of interest (ROI). In addition, the ten-band Sentinel-2A image was classified and compared with the multi-index image classification results to analyze and illustrate the improvements in the classification accuracy, using the index images. Lastly, the NDTI-based multi-index dataset was layer-stacked with the ten-band original image and this thirteen-band combination was also classified for further comparison.
To evaluate the accuracy of the classification results, the overall accuracies with the user's, the producer's, and the overall accuracy metrics and Kappa statics were derived from the confusion matrix [75] . The accuracy assessment of the classification results was performed with stratified random points, and the original Sentinel-2A image and Google Earth© imagery as the reference data. A random point distribution was designed, according to the heterogeneity potential and areal coverage of the classes. The training sample distribution and number of points used in the accuracy assessment are provided for each class and region in Table 3 . 
Results and Discussion
Results for the Main Study Region
The classification results and accuracy assessment metrics showed that the NDTI, in combination with NDVIre and the MNDWI, provided the highest accuracy, in comparison to other combinations including the existing built-up indices and the original image classification (Tables 4 and 5 ). Visual analysis of the resulting images in Figure 7 shows that the NDTI solves the mixing problem of the built-up and the bare land, which is obvious in other built-up indices. In addition, the problems related to overestimation of built-up regions and underestimation of bare land improved significantly, using this combination. The second highest accuracy was achieved with the combination of NDBI, NDVIre, and MNDWI, for all multi-index combinations. This result was in accordance with NDBI's reported performance in built-up area detection [76] . However, this combination provided lower overall accuracies and a low rate of bare land detection, compared to the NDTI-based combination and original image classification results. These results strengthened the findings regarding the built-up indices described in Section 4.3.
According to the per-class accuracy results presented in the Table 4 , the multi-index image of the NDBI, the NDVIre, and the MNDWI, provided lower accuracies than the ten-band original Sentinel-2A image for most land cover classes, except for improvements in the vegetation cover class. This improvement can be explained by the use of the NDVIre index, which includes the red-edge band of the Sentinel-2A, for vegetation monitoring. However, this combination could not provide a reliable separation between the built-up area and the bare land. The multi-index image of the NDTI, the NDVIre, and the MNDWI provided better accuracies for most of the land cover classes, especially the built-up and the bare land classes. Similarly, the red-edge band included in the NDVIre provided superior information about vegetation cover class. The overall accuracy and kappa metric presented in Table 5 indicated that the NDTI-based combination improved the accuracy metrics with consistent ranges for each individual LCU class, compared to the classified Sentinel-2A image and classified multi-index image of the NDBI, the NDVIre, and the MNDWI. As an additional experiment, three indices, including the NDTI, the NDVIre, and the MNDWI were stacked with the original Sentinel-2A ten bands and the resultant image with thirteen layers (ten original bands and three index images) was classified using the same ROIs; however, the classification result did not show a satisfying performance. Notably, the NDTI-based multi-index approach could not completely solve the problem of mixed pixels of bare land and built-up area, but showed an evident improvement, compared to other built-up indices and original image classifications. The sub regions from the classification results of Istanbul are provided in the following figures (Figures 8-10 ) to demonstrate the improvements of the proposed NDTI-based method, over other classification results. In addition, the accuracy assessment results of these sub regions are given in Tables A1-A6 . The accuracy metrics show the ten-band original image classification and NDBI-based multi-index set classification provided similar accuracies, whereas the NDTI-based multi-index set outperformed them with a 30% overall accuracy improvement and better consistency of the producer's and the user's accuracy. These results supported the accuracy assessment results of the whole study region. Figure 8 represents regions covered by water, asphalt road, bare land, vegetation covers, and built-up area land cover classes. All classified images accurately classified water bodies and asphalt road, but there was a misclassification of the bare lands as built-up regions in the multi-index images, using the NDBI (Figure 8c ) and a misclassification issue and overestimation of the built-up area in the classified Sentinel-2A image (Figure 8b) . The multi-index image of the NDTI, the NDVIre, and the MNDWI provided better results than the other two (Figure 8d ). The NDTI-based image classification determined the built-up areas, more accurately, and separated the bare land near roads, which were classified as built-up areas in the classified Sentinel-2A image (Figure 8b ). The multi-index combinations, including the NDVIre, determined vegetation cover better and improved the separation of different vegetation types in the study area. Different vegetation types can be recognized more obviously in both multi-index images (Figure 8c,d ) than in the classified Sentinel-2A image (Figure 8b) . the MNDWI provided better results than the other two (Figure 8d) . The NDTI-based image classification determined the built-up areas, more accurately, and separated the bare land near roads, which were classified as built-up areas in the classified Sentinel-2A image (Figure 8 b) . The multiindex combinations, including the NDVIre, determined vegetation cover better and improved the separation of different vegetation types in the study area. Different vegetation types can be recognized more obviously in both multi-index images (Figure 8c and 8d) than in the classified Sentinel-2A image (Figure 8b ). In Figure 9 , more complicated and heterogeneous parts of Istanbul were investigated. The area is covered with dense residential and industrial built-up patches and includes highways and urban green areas. According to visual inspection, the original ten-band image classification suffered from overestimation of residential areas and misclassification of industrial areas and bare land (Figure 9b) . Additionally, the NDBI-based multi-index image could not separate the industrial areas from residential areas and there was a misclassification problem of the residential areas, due to the overestimation of bare land. These problems were also observed in other built-up, index-based combinations (Figure 9c ). The NDTI, in combination with the NDVI and the MNDWI determined the industrial regions more precisely. In such a heterogeneous region, a multi-index image of NDTI, NDVIre, and MNDWI provided superior information about all land cover classes, compared to the other classification results (Figure 9d ). In Figure 9 , more complicated and heterogeneous parts of Istanbul were investigated. The area is covered with dense residential and industrial built-up patches and includes highways and urban green areas. According to visual inspection, the original ten-band image classification suffered from overestimation of residential areas and misclassification of industrial areas and bare land (Figure 9b) . Additionally, the NDBI-based multi-index image could not separate the industrial areas from residential areas and there was a misclassification problem of the residential areas, due to the overestimation of bare land. These problems were also observed in other built-up, index-based combinations (Figure 9c ). The NDTI, in combination with the NDVI and the MNDWI determined the industrial regions more precisely. In such a heterogeneous region, a multi-index image of NDTI, NDVIre, and MNDWI provided superior information about all land cover classes, compared to the other classification results (Figure 9d) . Generally, the multi-index image of the NDTI, NDVIre, and the MNDWI successfully separated bare land from the built-up areas, while categorizing other land cover classes, such as vegetation cover and water body precisely (Figure 10d) . Classification of the NDTI-based multi-index set provided a superior understanding of the built-up area patterns and building footprints, especially for the organized types of residential construction (Figure 10(II,IV,IX) ) and avoided an overestimation of the built-up areas in the classified Sentinel-2A image (10 bands) (Figure 10b) . The other multi-index image generated using the NDBI, the NDVIre, and the MNDWI, using the NDBI as the nominee of the existing built-up indices had an excessive misclassification issue. It classified bare land cover as the built-up class and vice versa (Figure 10c) . Farmlands with no vegetation cover and low water content and especially those that were compacted because of the field operations, heavy equipment, and tillage implements were mostly misclassified as built-up regions with the 
Validation on Independent Test Regions
The efficiency and applicability of the proposed approach was tested in two metropolitan cities of Turkey, Ankara, and Konya. These regions were good candidates for evaluating the performance of the multi-index method because they include residential and industrial areas surrounded by extensive bare land, which suited the main objective of this research. Additionally, the image acquisition dates represented different seasonal conditions. The SVM classification was performed on these regions for the three datasets, which were the original ten-band Sentinel-2A image, the Generally, the multi-index image of the NDTI, NDVIre, and the MNDWI successfully separated bare land from the built-up areas, while categorizing other land cover classes, such as vegetation cover and water body precisely (Figure 10d) . Classification of the NDTI-based multi-index set provided a superior understanding of the built-up area patterns and building footprints, especially for the organized types of residential construction (Figure 10(II,IV,IX) ) and avoided an overestimation of the built-up areas in the classified Sentinel-2A image (10 bands) (Figure 10b) . The other multi-index image generated using the NDBI, the NDVIre, and the MNDWI, using the NDBI as the nominee of the existing built-up indices had an excessive misclassification issue. It classified bare land cover as the built-up class and vice versa (Figure 10c ). Farmlands with no vegetation cover and low water content and especially those that were compacted because of the field operations, heavy equipment, and tillage implements were mostly misclassified as built-up regions with the NDBI-based set. This misclassification problem was mostly overcome using the proposed NDTI-based multi-index image (Figure 10 (VIII) ). Bare land cover near asphalt roads, which also contained a lower water content, were among the land cover classes that were highly misclassified as built-up areas, and this problem was significantly improved by using the NDTI-based multi-index image (Figure 10(III,VI,X,IX) ). Although, the classification results of the NDTI-based multi-index image underestimated the density of the built-up area in some dense built-up regions, the proposed multi-index image classification method provided reliable information about both bare land and built-up classes, while accurately categorizing water and vegetation land cover classes.
The efficiency and applicability of the proposed approach was tested in two metropolitan cities of Turkey, Ankara, and Konya. These regions were good candidates for evaluating the performance of the multi-index method because they include residential and industrial areas surrounded by extensive bare land, which suited the main objective of this research. Additionally, the image acquisition dates represented different seasonal conditions. The SVM classification was performed on these regions for the three datasets, which were the original ten-band Sentinel-2A image, the NDBI, NDVIre, MNDWI dataset, and the NDTI, NDVIre, MNDWI dataset. The training sample distribution and the number accuracy assessment points are presented in Table 3 .
The classification results of the Ankara region are presented in Figure 11 and the accuracy assessment values are provided in Tables 6 and 7 . The results showed that the accuracy improvement using the NDTI-based multi-index image was evident. This combination provided higher accuracies for bare land, industry, and built-up classes, indicating a better separation among them. Additionally, the consistency between the producer's and the user's accuracy was higher than that of the other datasets. The overall accuracy was improved by, approximately, 30-40%. The two sub-regions presented in Figure 11 shows that the classification result of the ten-band multispectral image (Regions 1b and 2b) was dominated by the built-up and the industrial lands, and it misclassified the bare land surrounding them, especially in low-density urban areas. There were incorrectly classified regions near the green areas, due to this effect, which occurred in the north-west and east of both sub-regions. The NDBI-based, multi-index set was less affected by this over classification, but it suffered while trying to distinguish between industry and built-up classes and false classification occurred due to labelling an extensive amount of the built-up areas as industrial land (Regions 1c and 2c) .
The classification results of the Konya region are presented in Figure 12 and the accuracy assessment values are provided in Tables 8 and 9 . The accuracy improvement and consistency between the producer's and the user's accuracy with the NDTI-based dataset was similar to that in the Ankara region, and the other datasets suffered from low accuracies for the bare land, built-up, and the industry classes. The evaluation in Figure 12 shows that the ten-band multispectral imagery classification over-classified built-up lands and could not detect the industrial areas, which could be seen clearly in Region 2b. For the NDBI-based dataset, the bare land in the western part of Regions 1 and 2 were over-classified as built-up land (Regions 1c and 2c) . Moreover, there were improvements in the accuracy metrics of the asphalt, forest, and vegetation classes, when applying the proposed method (Regions 1d and 2d). The analysis of the two independent test regions showed similar characteristics and supported the effectiveness of the NDTI-based multi-index set in different land and seasonal conditions. Notably, the roofs of buildings in industrial areas were made of aluminium-based materials and concrete, whereas the roofs of the other buildings in the built-up areas were made of tiles in the main and in the test regions. The difference in the roof material resulted in different spectral responses and The analysis of the two independent test regions showed similar characteristics and supported the effectiveness of the NDTI-based multi-index set in different land and seasonal conditions. Notably, the roofs of buildings in industrial areas were made of aluminium-based materials and concrete, whereas the roofs of the other buildings in the built-up areas were made of tiles in the main and in the test regions. The difference in the roof material resulted in different spectral responses and enabled separation in the original spectral bands and the multi-index data for these classes. Thus, the mixing problem was mainly between bare land and the built-up areas and between bare land and industry. Further analysis was required to evaluate the performance of the proposed approach in regions where the industrial and built-up areas were composed of similar roof materials.
The results from the study and the test regions demonstrated that although built-up indices have been shown to highlight built-up areas, their performance was limited in heterogeneous landscapes, where urban areas and bare lands were mixed. A shortwave infrared-based index improved the separation of urban areas and bare lands, as shown in this research work. In addition, the newly added red-edge spectral bands of Sentinel-2A enhanced the vegetation cover detection and mapping.
Conclusions
Separating bare land from the impervious surfaces and built-up areas has been the main problem in mapping urbanized areas. In this research work, a novel multi-index approach has been proposed for the LCU classification of Sentinel-2A satellite images, focusing on separating the urban and bare land, in addition to other land cover categories. To improve the classification accuracy and solve the misclassification and overestimation problems, a methodology was developed using spectral indices that categorized the three major land cover classes, water bodies, vegetation cover, and built-up areas. The multi-index images created with different index combinations were classified using the machine-learning-based SVM algorithm. The multi-index classification results were compared with the SVM classification result of the ten-band Sentinel-2A image. The results of this research showed that NDTI in combination with NDVIre and MNDWI improved the separation between the built-up regions and bare land, and significantly improved the misclassification of bare lands as built-up regions. In addition, the NDTI, which was calculated by the difference of the SWIR bands, divided by its sum of them, could be applied to the Landsat 5, 7, and 8 images, as well as the Landsat missions that included the SWIR bands with a similar wavelength range of the Sentinel-2 mission. This applicability enabled a further analysis using combined historic archival Landsat missions and higher spatial and spectral resolution Sentinel-2A images, to detect LCU changes through decades. Although classification of the ten-band Sentinel-2A imagery provided acceptable results related to the built-up area and bare land classes, the multi-index image of the NDTI, the NDVIre, and the MNDWI provided more interpretable and illustratable results for the built-up regions, in terms of shape, intensity, and pattern. The proposed combination also provided satisfactory results and accuracy improvements for the other LCU classes, with 85% or better accuracy in the three study regions, compared to other datasets. These findings indicate the possible effectiveness of the proposed multi-index set as a dimension reduction method in multi-temporal analysis. Further studies are planned to integrate multi-temporal and multi-polarization SAR data, such as Sentinel 1 (to process chain), in order to take advantage of the SAR data in the separation of bare lands and built-up areas.
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Appendix A
Tables A1 and A2 present the accuracy assessment results of the regions displayed in Figure 8 ; Tables A3 and A4 present the accuracy assessment results of the region displayed in Figure 9 ; and Tables A5 and A6 present the accuracy assessment results of the region displayed in Figure 10 . Table A1 . Classification accuracies of the different approaches for Figure 8 . Table A3 . Classification accuracies of the different approaches for Figure 9 . 
